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ABSTRACT

Inverse ETFs and Market Quality
by
Darren J. Woodward, Master of Science
Utah State University, 2015

Major Professor: Dr. Tyler J. Brough
Department: Economics and Finance
Is financial innovation good or bad? Finance research analyzes data in an attempt to
answer this and many other questions. This paper seeks to determine at least a partial answer
to this question for one particular financial innovation, the inverse ETF. We look at how the
introduction of the first inverse ETF affects the market quality of the component stocks. We find
that volatility and illiquidity of the component stocks decreases relative to the rest of the
market, on average, after the introduction of the first inverse ETF. We also find that short selling
increases in the component stocks relative to the rest of the market. We further our analysis
and find that there is a positive relationship between the increased level of short selling and
both volatility and liquidity. Therefore, we conclude that the improved market quality of the
component stocks is attributable directly to the inverse ETF and not to the increased level of
short selling.
(25 pages)
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Inverse ETFs and Market Quality
“Financial innovation has a dreadful image these days.”
-The Economist

I. Introduction
After the recent financial crisis, the negative feelings about financial innovation are
widespread and run deep. Credit default swaps in particular, are the financial innovation that
is widely recognized to have been a driving force of the financial crisis. The goal of financial
research is to better understand an increasingly complex system of markets. In this way we
can determine what the true impact of introducing each new innovation is and, with
confidence, determine the positive and negative externalities associated with the innovation.
This paper seeks to expand on the growing body of literature focused on the effects of
financial innovation by exploring Exchange Traded Funds (ETF). The first ETF was
introduced in 1993 and since then we have seen a proliferation of ETFs including such
innovations as leveraged, inverse, and inverse leveraged ETFs. Ben-David, Franzoni, and
Moussawi (2014) find that higher ETF ownership is associated with higher volatility in the
component stocks, while Hamm (2014) finds that higher ETF ownership is associated with
an increase in illiquidity. From these two papers, it appears that the innovation of ETFs tend
to have a negative impact on market quality. However, when looking at inverse and
leveraged ETFs the results seem to be less clear. Cheng and Madhavan (2010) and Charupat
and Miu (2011) find that inverse and leveraged ETFs tend to increase end of day volatility
because of their daily rebalancing in an effort to maintain their desired daily tracking. Trainor
(2010), however, finds a spurious relationship between daily rebalancing and end of day
price volatility for the S&P 500. While Li and Zhao (2014) find a slight increase in the
spread of component stocks of leveraged ETFs with no other liquidity measures showing
significant changes, they also find that the volatility of components stocks, both at the daily
level and during the last hour of trading, is unaffected.
It seems that previous literature combines inverse and leveraged ETFs. While inverse
ETFs employ leverage to create their desired inverse tracking, it might be important to isolate
inverse ETFs from leveraged ETFs when drawing conclusions about the effect on market
quality. Leveraged ETFs seek to track the movement of their underlying stocks as multiples
(2X, 3X, -2X, -3X) and are, therefore, different from inverse ETFs and from each other in the
amount and types of leverage being used. This difference means that each type of ETF likely
has a differing effect on the market quality of the component stocks.
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We seek to analyze the effect of inverse ETFs on the market quality of the component
stocks by looking at the introduction of the first inverse ETF as an event study. This arguably
exogenous shock to markets provides a nice natural experiment that allows researchers to
make causal inferences regarding the effect of this particular financial innovation on market
quality. The first inverse ETF was introduced on the component stocks of the S&P 500 in
July 2006. We analyze measures of GARCH volatility from an IGARCH(1,1) model, price
volatility, and Amihud (2002) illiquidity on the stocks that were components of the S&P 500
index during the year of 2006. In addition, we use a difference-in-difference type approach to
hold constant these measures for the rest of the market. We look at the change in volatility in
the period after the inverse ETF inception. To make sure the results are not spurious because
the measures might move in tandem with the rest of the market, we create measures of
abnormal volatility and illiquidity to determine if there are any changes in these abnormal
measures. We further extend our analysis by looking at measures of short selling activity and
abnormal short selling. Because inverse ETFs could act as a substitute for shorting the
component stocks, we look to see if short selling activity (and abnormal short selling
activity) changes in the period after inception. We then test to see if these changes in levels
of short selling are the underlying cause of the changes in volatility and illiquidity.
We find that there is a meaningful reduction in the volatility and illiquidity of the
component stocks of the S&P 500 in the period after the introduction of the inverse ETF. We
also find that abnormal volatility and illiquidity are significantly reduced. This indicates that
the market quality of the component stocks is improved following inception. Further, we find
a decrease in short selling activity in the component stocks suggesting that the presence of
inverse ETFs might provide a substantial avenue for investors to short the entire market
instead of all of the component stocks. However, when we look at abnormal short selling, we
find that there was a significant increase, meaning that short selling activity in the component
stocks increased relative to short selling activity in the rest of the market. Short sellers are
generally shown to be contrarian traders and, therefore, they could reduce volatility (Diether,
Lee, and Werner (2009)), so we test to see if the increase in abnormal short selling is the
cause of the decrease in volatility and illiquidity. We find that there is actually a positive
relationship between the increased short selling and the measures of volatility and illiquidity.
Therefore, we conclude that the improvement in market quality of the component stocks of
the S&P 500 after the introduction of the inverse ETF are a direct result of the financial
innovation itself and not a result of increased short selling activity.

II. Data Description
The data used in our analysis is from the period January 1, 2006 to December 31,
2006. We obtain daily data from the Center of Research on Security Prices (CRSP) on the
low bid and high ask prices, closing prices, closing bid and ask prices, volume, returns, and
shares outstanding. We also obtain daily short and regional short volume from the United
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States Securities and Exchange Commission (SEC). We divide the data into treatment and
control groups of stocks where the treatment group consists of S&P 500 component stocks
during the year 2006 and the control group consists of the universe of stocks outside the S&P
500. When short volume is missing, we set short volume equal to zero. Further, we delete
any observations with missing return data. For analysis outside of the summary statistics we
use the daily cross sectional averages of each variable for the control group of stocks.
We further restrict our sample in the treatment group of stocks. The data show several
stocks that were not included in the S&P 500 for the entirety of 2006. For this reason we
delete all stocks from the treatment sample that do not have at least 30 observations both
prior and subsequent to the introduction of Inverse ETFs. There are also several stocks which
list both class A and class B shares. We delete all class B shares from the sample, keeping all
class A shares. For one particular stock, we obtained inconsistent estimators of GARCH
volatility, so we drop it from the sample. In total, we remove 12 stocks with insufficient
observations, the class B shares for 7 stocks, and the individual stock with inconsistent
estimators. We remove any observations where there is zero trade volume or where any of
the variables are missing data. In analysis beyond the summary statistics we take the log of
several variables; as a result, we remove observations where any of these variables have a
zero value. Our final sample includes 961,575 stock-day observations in our control sample
and 120,255 in our treatment sample.
Table 1 reports the summary statistics for our sample. In Panel A we report the
summary statistics for the treatment group, while Panel B contains the summary statistics for
the control group. In Panel C we report the difference between the means of the treatment
and control groups for each variable with a corresponding t-statistic. The only reported
difference in Panel C that is not significant is the difference on the PRICE variable. The rest
are highly significant. For each group of stocks, we calculate the following variables:
RELSS, SH_TURN, %SPREAD, $SPREAD, ILLIQ, GVOLT, PVOLT, MKTCAP, and
TURN. RELSS is the total short volume divided by total volume and we report an average of
21.95% (25.47%) for the treatment (control) group. The difference is 3.51% (t-statistic =
64.61). The average for SH_TURN is 0.21 (0.22) for the treatment (control) group with a
difference of 0.001 (t-statistic = 8.84), where SH_TURN is the total short volume scaled by
the number of shares outstanding (in percent). %SPREAD is the percentage bid-ask spread,
which is the difference between daily closing ask prices and bid prices scaled by the spread
midpoint. We report an average %SPREAD of 0.0008 (0.0051) for the treatment (control)
group and a difference of 0.0043 (t-statistic = 161.58). $SPREAD is the dollar spread, which
is the difference between the daily closing bid prices and ask prices. The average $SPREAD
is 0.026 (0.11) for the treatment (control) group, and the difference is 0.084 (t-statistic =
8.70). ILLIQ is the Amihud (2002) measure of illiquidity, which is the ratio of the absolute
value of daily returns scaled by daily dollar volume in 1,000,000s. The average stock has an
ILLIQ measure of 0.044 (3.349) in the treatment (control) group and the difference is 3.305
(t-statistic = 7.68). GVOLT is a measure of volatility obtained by estimating an IGarch(1,1)
model. We use the IGarch model in our estimation because we obtained inconsistent
estimators using the Garch model. We were able to obtain consistent estimators using the
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IGarch model, which relaxes some assumptions about the stationarity of returns. The average
stock has a GVOLT of 0.016 (0.029) for the treatment (control) group. The difference is
0.013 (t-statistic = 187.48). For PVOLT we use the Diether et al. (2009) measure of price
volatility calculated by taking the difference between the daily high ask price and the daily
low bid price and scaling by the daily high ask price. We report an average PVOLT of 0.021
(0.035) for the treatment (control) group with a difference of 0.014 (t-statistic = 169.97). The
average market cap (MKTCAP) for the treatment (control) group is $24.33 billion ($1.14
billion) and the difference is $23.19 billion. We report an average PRICE of 46.03 (47.36)
for stocks in the treatment (control) group. The difference of 1.33 was not statistically
significant. TURN is the ratio of total trading volume scaled by the number of shares
outstanding (in percent). The average TURN for the treatment (control) group of stocks is
0.864 (0.835) and the difference is 0.029 (t-statistic = -5.28). NASD is an indicator variable
equal to one for stocks listed on the NASDAQ and zero otherwise. We report that 15.75%
(62.78%) of the stocks in the treatment (control) group were listed on the NASDAQ.

III. Results
3.1 Univariate Analysis
INTRO is an indicator variable capturing the approximate 6 month period after the
introduction of the first inverse ETF on the S&P 500. Since the purpose of our analysis is to
determine what, if any, the effect was on market quality of the treatment group of stocks as a
result of the introduction of the inverse ETF, INTRO will be our exogenous variable of
interest throughout our analysis. We begin our analysis with univariate tests on our variables
of interest. The variables of interest are GVOLT, PVOLT, ILLIQ, RELSS, and SH_TURN.
For this analysis, each variable is divided into Pre-Introduction and Post-Introduction
periods. In Table 2 we report the results of the univariate tests. Reported is the mean for each
variable by class as well as the difference between classes with a corresponding t-statistic.
Panel A reports the results for the treatment group of stocks. For our measures of volatility
we report a decrease of 1.2% (5.6%) in GVOLT (PVOLT) after the introduction of the
inverse ETF. Both differences are significant at the 1% level. ILLIQ increased by 33.8% but
the difference is not statistically significant. For RELSS (SH_TURN) we report a decrease of
1.4% (7.4%) after to the introduction of the inverse ETF suggesting that average short selling
activity in the component stocks of the S&P 500 decreased. These differences are significant
at the 1% level. This result is consistent with the idea that inverse ETFs can substitute for
short sales of the component stocks. Panel B reports the average difference between the
treatment and control groups for each variable by class. We also report the difference in
differences for each variable with a corresponding t-statistic. For GVOLT (PVOLT), we
report that the difference in differences decreased by 3.4% (2.3%), which are significant at
the 1% level. This difference suggests that, relative to the non S&P 500 stocks, the volatility
of the component stocks of the S&P 500 decreased after the introduction of the inverse ETF.
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The difference in differences for ILLIQ shows a decrease of 12.37% that is significant at the
1% level. So, while we reported an increase in average ILLIQ for the S&P 500 component
stocks that was insignificant, the difference in differences result suggests that the average
ILLIQ measure increased significantly more for the non S&P 500 stocks. For RELSS
(SH_TURN) the difference in differences shows an increase by 67.3% (173.5%) in the
relative short selling activity of the S&P 500 component stocks relative to the average
measure for the non S&P 500 stocks, which is significant at the 1% level. While we reported
a decrease in average short selling among the S&P 500 component stocks after the
introduction of the inverse ETF, our difference in differences result suggests that the average
short selling of the non-component stocks decreased significantly more, or alternatively, the
average short selling activity of the S&P 500 component stocks increased relative to the nonS&P 500 stocks. This result suggests that inverse ETFs do not act as a substitute for short
sales of the component stocks.

3.2 Multivariate Analysis – Volatility and Liquidity
Our regression analysis begins with some single variable regressions where our
dependent variables are the natural logs of GVOLT, PVOLT, and 1+ILLIQ and the
independent variable is our variable of interest INTRO. In Table 3 columns [1] and [3] we
report that the coefficients on INTRO where the dependent variables are the natural logs of
GVOLT and PVOLT are both negative and significant at the 1% level which agrees with our
univariate tests. In column [5] we note that when the dependent variable is the natural log of
1+ILLIQ the sign has now changed from our univariate test. However, the result is not
statistically different from zero which is the same result as the univariate test on ILLIQ. To
get a better picture of whether our results thus far are truly significant, we need to control for
some other variables that have been shown to have an effect on volatility and liquidity. As a
consequence we run the following regressions and report the results in columns [2], [4], and
[6] of Table 3:
Ln(Volatilityt,i) = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi +
β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i
Ln(Liquidityt,i) = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi +
β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i

Our additional control variables include contemporaneous (RETt,i) and past (RET(t-5,t-1),i)
return for stock i where past return is the previous five days return. We also control for
contemporaneous (TURNt,i) and past (TURN(t-5,t-1),i) turnover for stock i where past turnover
is the average TURN for the previous five days. TURN is the daily ratio of total trading
volume to the number of shares outstanding (in percent). NASD is an indicator variable
denoting stock i is listed on the NASDAQ – zero otherwise. Finally, we include the natural
logs of market capitalization (Ln(MKTCAPt)) and price (Ln(PRICEt)) as control variables.
We report in columns [2] and [4] that the coefficient on contemporaneous returns is positive
and significant for both measures of volatility. Past returns, however, have opposite signs
where the sign on the coefficient when our endogenous variable is the natural log of GVOLT
(PVOLT) is positive (negative) and significant. For contemporaneous and past turnover, we
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report that the coefficient is positive and significant for both measures of volatility. When
stocks are listed on the NASDAQ there is a positive and significant effect on volatility for
both GVOLT and PVOLT. The coefficients on the natural logs of market cap and price are
negative and significant, indicating that stocks with larger market capitalization and higher
prices have lower volatility. This result is similar for both measures of volatility. When the
natural log of 1+ILLIQ is the dependent variable, we report the results in column [6] of Table
3. We report that the coefficients on contemporaneous and past returns (turnover) are positive
(negative) and significant. Being listed on the NASDAQ has a positive and significant effect
on illiquidity, indicating that those stocks tend to be less liquid. We also report that stocks
with higher market capitalization and price tend to be more liquid as indicated by their
negative and significant coefficients. Now that we have discussed the results for our
additional control variables we turn to an analysis of our exogenous variable of interest
(INTRO). When holding all of our other variables constant, we report in column [2] that the
coefficient on INTRO is -0.0275 and is significant at the 1% level. This estimate would
suggest that after the introduction of the inverse ETF, volatility as measured by the IGARCH
(1,1) model decreased by 2.75%. In column [4], we report a coefficient of -0.0725
(significant at the 1% level) on INTRO indicating that price volatility (PVOLT) decreased by
7.25% subsequent to the introduction of the inverse ETF. The coefficient on INTRO when
the natural log of 1+ILLIQ is the dependent variable is reported in column [6] and is -0.0006,
but is not statistically significant.
To this point in our analysis, we seem to have strong evidence that the introduction of
inverse ETFs cause a reduction in volatility. We also show no significant effect of the
introduction on liquidity of the component stocks. As a robustness check on our results we
extend our analysis further by examining our measures of abnormal volatility and liquidity as
dependent variables. By doing so, it allows us to control for the changes in volatility and
liquidity of the entire market surrounding the introduction of the inverse ETF. In other words,
we want to make sure that we haven’t just found a spurious relationship between the
introduction of the inverse ETF and the volatility of the S&P 500 component stocks. This
might occur if the volatility of the entire market decreased for some unknown reason and we
only reported the decrease in volatility of the component stocks of the S&P 500. To
accomplish this we run the following regressions and report the results in Table 4:
Ln(Abnormal Volatilityt,i) = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi
+ β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i
Ln(Abnormal Liquidityt,i) = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi
+ β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i

We include two measures for abnormal volatility and one measure of abnormal liquidity. For
our first dependent variable we take the difference between the natural log of GVOLT for the
treatment group (S&P 500) and the natural log of the average measure of GVOLT for the
control group (non-S&P 500) of stocks. For the second and third dependent variables we do
the same as above but we use PVOLT and 1+ILLIQ in the calculations, respectively. We
report the results for the single variable regressions in columns [1], [3], and [5]. The signs on
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the coefficients on INTRO for the abnormal measures of GARCH volatility (GVOLT) and
price volatility (PVOLT) are the same as in Table 3 while maintaining statistical significance.
The sign on INTRO for the abnormal measure of liquidity has now become negative and
significant, where in our previous analysis, we were unable to show any statistically
significant change in liquidity. The negative coefficient suggest that illiquidity of the S&P
500 component stocks has decreased relative to the non-S&P 500 stocks in the period after
the introduction of the inverse ETF. We now turn to the results of our multivariate analysis.
We use the same variables as before and report the results in columns [2], [4], and [6] of
Table 4. In columns [2] and [4] we show that, when using the abnormal GVOLT and PVOLT
as dependent variables, the signs on the additional control variables are the same as in Table
3 while maintaining their statistical significance.
In column [6], when our abnormal measure of liquidity is the dependent variable we note a
few changes in the sign and significance of the coefficients on the control variables.
Contemporaneous and past returns now have negative and significant coefficients where they
previously were positive and significant. Contemporaneous and past turnover maintain the
same sign as in Table 3, however, the coefficient on contemporaneous turnover is no longer
statistically significant. The estimates on NASD and the natural log of market capitalization
maintain their signs and significance, while the estimate on the natural log of price is now
positive, but statistically insignificant.
We now turn to an analysis of our independent variable of interest. In column [2] we report
the estimate for INTRO when the dependent variable is the abnormal measure of GVOLT.
The estimate is -0.0338 and is significant at the 1% level. This suggests that volatility as
measured by the IGARCH (1,1) model decreased 3.38 percentage points more on average for
the component stocks of the S&P 500 than for those not in the S&P 500 post introduction of
the inverse ETF. We find a similar result when the dependent variable is the abnormal
measure of PVOLT. The estimate in this case, as reported in column [4], is -0.0456 and is
significant at the 1% level. This result would suggest that the price volatility decreased 4.56
percentage points more on average for the treatment group than the control group after the
introduction of the ETF. In column [6] we report that, when our dependent variable is the
abnormal measure of liquidity, the coefficient on INTRO is -0.0763 and is significant at the
1% level, indicating that illiquidity decreased (liquidity improved) by 7.63 percentage more
on average for S&P 500 stocks than for non-S&P 500 stocks subsequent to the introduction
of the inverse ETF. These results show that, relative to the rest of the market, market quality
improved significantly for the S&P 500 stocks. These findings further substantiate our
previous results about the causal effects of the introduction of an inverse ETF on the
volatility of the underlying stocks and, in addition to those results, presents some evidence
that liquidity has improved for those stocks as well. This is an interesting result as the inverse
ETF seems to cause an improvement of market quality on those stocks.

3.3 Multivariate Analysis – Short Selling
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As we previously reported in the univariate results, short selling appears to have
decreased for the treatment group of stocks, but relative to the rest of the market, there
appears to have been an increase in short selling activity. We now look to extend our analysis
in this area because Diether, Lee, and Werner (2009) show that short sellers are, on average,
contrarian and therefore, likely reduce volatility. If the results in our univariate tests hold true
in our multivariate tests, and there is indeed a relative increase in short selling in S&P 500
stocks, we will be able to test whether the reduction in volatility that we have already
documented is, in fact, caused by the increased short selling rather than some factor specific
to the financial innovation. We begin our analysis with some single variable regressions,
where we define two dependent variables to act as measures of short selling. RELSS is
calculated by taking the total daily short volume and scaling it by the daily total volume.
SH_TURN is obtained by scaling the total daily short volume by the number of shares
outstanding. As before our variable of interest is the indicator variable INTRO, capturing the
period after the introduction of the inverse ETF. We report the results in columns [1] and [3]
of Table 5 and note that the sign of the coefficient is negative and significant in both cases
indicating an overall decrease in short selling on average for the stocks of the S&P 500,
similar to our results in the univariate tests. We extend this analysis by adding some
additional control variables and running the following regression:
Short Salest,i = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi +
β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i

The additional control variables are the same as in our previous multivariate regressions
where we have contemporaneous (RETt,i) and past (RET(t-5, t-1),i) returns, contemporaneous
(TURNt,i) and past (TURN(t-5,t-1),i) turnover, and an indicator variable, NASD. We also
include Ln(MKTCAPt) and Ln(PRICE). In Table 5, we report the results from the above
model in columns [2] and [4] where the dependent variables are RELSS and SH_TURN,
respectively. Our estimates on contemporaneous and past returns are positive and significant
in both cases. This is also true for contemporaneous and past turnover, the indicator variable
NASD, and the natural log of price. The coefficient on the Ln(MKTCAP) is negative and
significant for both measures of short selling. After holding these control variables constant,
we report that the coefficient on INTRO when the endogenous variable is RELSS
(SH_TURN) is -0.0048 (-0.0118) and both are significant at the 1% level. This finding
agrees with our univariate tests and suggests a decrease on average in short selling activity in
the S&P 500 component stocks after the inverse ETF was introduced.
To determine if there is an increase in short selling activity, on average, for the S&P
500 stocks relative to the rest of the market, we follow our analysis on volatility and liquidity
by creating two new variables by taking the difference between the natural log of RELSS
(SH_TURN) and the natural log of the average measure of RELSS (SH_TURN) for the non
S&P 500 stocks. These variables serve as a measure of abnormal short selling and allow us to
control for the change in short selling for the rest of the market subsequent to the introduction
of the inverse ETF. We report the results of these tests in Table 6. In columns [1] and [3] we
report that the coefficients on INTRO in a single variable regression framework are positive
and significant. This result is in line with our difference in differences results from our
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univariate analysis and indicates that there is a relative increase in short selling on average
for the stocks of the S&P 500 after the inverse ETF is introduced. We now look to control for
additional variables to see if the results hold by estimating the following regression for both
measures of abnormal short selling:
Ln(Abnormal Short Salest,i )= α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i +
β6NASDi + β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i

The control variables RETt,i; RET(t-5,t-1),i; TURNt,i; TURN(t-5,t-1),i; NASD; Ln(MKTCAPt,i);
and Ln(PRICEt,i) are the same as before. We report the results in columns [2] and [4] when
the dependent variables are abnormal RELSS and abnormal SH_TURN, respectively. We
note that the coefficients on all of the additional control variables maintain the same signs
and significance as in Table 5 with one exception. In column [2] the coefficient on TURNt is
now negative, but is not significant. We now examine the significance of our independent
variable of interest. The coefficient on INTRO, as reported in column [2], is 0.1616 and is
significant at the 1% level. This finding indicates that the difference between RELSS for the
stocks of the S&P 500 and the average measure of RELSS for the rest of the market
increased by 16.16 percentage points on average. Since we found previously that RELSS had
decreased for the S&P 500 component stocks, this means that the average RELSS for non
S&P 500 stocks fell by 16.16 percentage points more, on average, than RELSS for S&P 500
stocks after the introduction of the inverse ETF. This presents evidence that the introduction
of the inverse ETF on the S&P 500 caused an elevated level of short selling on average for
the underlying stocks relative to the rest of the market. The result is similar when using
abnormal SH_TURN as the dependent variable. We report in column [4] that the estimate on
INTRO in this case is 0.2145 and is significant at the 1% level, indicating that the difference
between SH_TURN on S&P 500 component stocks and average SH_TURN for the rest of
the market increased by 21.45 percentage points. The interpretation is the same. Using two
different measures of short selling, we find in both cases that short selling increased, on
average, for S&P 500 stocks relative to the rest of the market.

3.4 Multivariate Analysis – Market Quality Improvement
Now that we have presented evidence of an improvement in volatility and liquidity
measures and a relative increase in short selling for the S&P 500 component stocks in the
post introduction period, we extend our analysis in attempt to determine whether the
improving market quality of S&P 500 stocks is a result of the relative increase in short
selling or the financial innovation itself. To accomplish this analysis, we first run our same
volatility and liquidity regressions from Table 3, but we add two additional variables so that
the regressions are as follows:
Ln(Volatilityt,i) = α + β1INTROi + β2RELSSt,i + β3INTRO*RELSSt,i + β4RETt,i + β5RET(t-5, t-1),i + β6TURNt,i +
β7TURN(t-5,t-1),i + β8NASDi + β9Ln(MKTCAPt,i)+ β10Ln(PRICEt,i) + εt,i
Ln(Liquidityt,i) = α + β1INTROi + β2RELSSt,i + β3INTRO*RELSSt,i + β4RETt,i + β5RET(t-5, t-1),i + β6TURNt,i +
β7TURN(t-5,t-1),i + β8NASDi + β9Ln(MKTCAPt,i)+ β10Ln(PRICEt,i) + εt,i
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We now add our measure of short selling (RELSSt) as a variable where RELSS is the total
short volume scaled by total volume. The other additional variable is now our new variable
of interest and is the interaction of RELSS and our indicator variable INTRO. By adding
these variables to our previous regressions, we are able to examine how the effect of short
selling on market quality changes in the period after the introduction of the inverse ETF. We
report our results in Table 7. In columns [1] and [2] we report the results of our liquidity
analysis where our dependent variables are the natural logs of GVOLT and PVOLT,
respectively. The estimates on contemporaneous and past returns, contemporaneous and past
turnover, the indicator variable NASD, and the natural log of price all maintain the same sign
as in Table 3 while maintaining statistical significance. When the dependent variable is
Ln(GVOLT), the coefficient on the natural log of market capitalization is negative and
significant as it was previously. However, when the dependent variable is Ln(PVOLT) the
coefficient on Ln(MKTCAP) is now slightly positive but insignificant. In column [1] we
report that RELSS is negative but insignificant, while in column [2] it is positive and
significant at the 1% level. For both volatility regressions, our estimates on the indicator
variable INTRO are negative and significant at the 1% level. We now turn to the results on
our interaction variable and report some surprising results. When holding the other control
variables constant, the coefficient on our interaction variable is 0.2347 (0.4195) when the
dependent variable is the natural log of GVOLT (PVOLT). Both estimates are significant at
the 1% level. This result suggests that the change in the level of short selling is associated
with the period after the introduction of the inverse ETF actually has the effect of increasing
volatility. Our results, thus far, indicate that it is some other characteristic directly associated
with the inverse ETF, and not the level of short selling, that causes a decrease in volatility. In
column [3], we report the results of the liquidity regression where the dependent variable is
the natural log of 1+ILLIQ. We show that the estimates on contemporaneous and past
returns, contemporaneous and past turnover, the indicator variable NASD, and the natural
logs of market capitalization and price all have the same sign as in our Table 3 analysis, and
are significant at the 1% level. The estimate on RELSS is negative, but not significant. As
was the case with our volatility regressions, the coefficient on our indicator variable INTRO
has become more negative and is significant at the 1% level. We report that the coefficient on
our interaction variable is 0.0451 and is significant at the 5% level. Once again, this presents
strong evidence that the decrease in illiquidity (improvement in liquidity) can be attributed to
characteristics directly related to the financial innovation and not to the change in the level of
short selling.
For robustness, we follow our earlier analysis reported in Table 4 and use our
measures of abnormal volatility and liquidity as dependent variables with all of the
independent variables from Table 7. This results in estimating the following equations:
Ln(Abnormal Volatilityt,i) = α + β1INTROi + β2RELSSt,i + β3INTRO*RELSSt,i + β4RETt,i + β5RET(t-5, t-1),i +
β6TURNt,i + β7TURN(t-5,t-1),i + β8NASDi + β9Ln(MKTCAPt,i)+ β10Ln(PRICEt,i) + εt,i
Ln(Abnormal Liquidityt,i) = α + β1INTROi + β2RELSSt,i + β3INTRO*RELSSt,i + β4RETt,i + β5RET(t-5, t-1),i +
β6TURNt,i + β7TURN(t-5,t-1),i + β8NASDi + β9Ln(MKTCAPt,i)+ β10Ln(PRICEt,i) + εt,i
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We report the results of these estimations in Table 8. In columns [1] and [2] are the results
for our volatility estimations, where the dependent variables are our measures for abnormal
GVOLT and abnormal PVOLT, respectively. For our independent variables RET, past RET,
TURN, past TURN, NASD, and Ln(PRICE) the estimates are the same sign as in Table 7
and are all significant at the 1% level. When the dependent variable is abnormal GVOLT, the
estimate on Ln(MKTCAP) stays negative and significant. The estimate on Ln(MKTCAP)
changes from positive to negative, but is still not statistically different from zero. The
coefficients on RELSS maintain the same sign, but we do note that, while the estimate in
column [1] was insignificant in Table 7, it is now significant at the 5% level. We report once
again that the coefficients on the indicator variable INTRO are negative and significant at the
1% level. The coefficient on our interaction variable, when the dependent variable is
abnormal GVOLT (abnormal PVOLT), is 0.2157 (0.3686). Both estimates are significant at
the 1% level. In column [3] we report the estimates for abnormal liquidity. We do report
some differences in the estimates of the control variables. Previously the estimate on RELSS
was negative but insignificant, but is now negative and significant. RET and past RET are
now negative and significant, where they were positive and significant in Table 7. The
coefficient on Ln(Price) was negative and significant, but the new estimate is positive and
not significantly different from zero. The estimates on TURN, past TURN, NASD, and
Ln(MKTCAP) maintain their sign and statistical significance. The estimate on the indicator
variable INTRO is more negative and significant at the 1% level. We report that the
coefficient on our interaction variable is 0.0860 and is significant at the 1% level. These
results substantiate our results in Table 7 and suggest that the reason for the decrease in
volatility and illiquidity (improvement in market quality) is due to some characteristic of the
inverse ETF and not the level of short selling.

IV. Conclusion
Continued financial innovation is a certainty. What is uncertain is the true impact of
each innovation introduced to the market. We seek to provide empirical evidence on the
impact of one of these innovations, the inverse ETF. We use the introduction of the first
inverse ETF on the S&P 500 as an exogenous event to study the impact of innovation on the
volatility and liquidity of the component stocks using data from the six months prior to and
six months after the ETF inception and attempt to infer causality in our results.
Using two measures of volatility (GARCH volatility and Price volatility), we find a
significant decrease in the volatility of the component stocks of the S&P 500 after the ETF is
introduced. For robustness, we form a measure of abnormal volatility to control for the
change in the volatility of the rest of the market during this period and we find that the
average volatility of the component stocks of the S&P 500 decreased relative to the average
volatility of the rest of the market. Likewise, we find a significant decrease in the Amihud
(2002) measure of illiquidity as well as our measure of abnormal illiquidity. These results
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suggest that liquidity of the component stocks improved relative to the rest of the market. We
know from Diether, Lee, and Werner (2009) that short sellers are generally shown to be
contrarian traders and subsequently may serve to decrease volatility. We find a relative
increase in short selling activity in the S&P 500 component stocks in the period after the
introduction of the ETF. Coupled with our findings of decreased volatility, we extend our
analysis to attempt to determine whether the decreased volatility is a direct result of the
increased short selling activity. We find that the increased short selling activity is actually
positively related to the volatility and illiquidity of the component stocks. This finding
suggests that the overall improvement in volatility and liquidity is directly attributable to the
inverse ETF and not to the increased level of short selling that occurred in the period after the
its inception.
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Table 1
Summary Statistics
This table provides statistics that describe the sample used throughout the analysis. Panel A shows statistics for a group of stocks comprised only of stocks
contained in the S&P 500. This sample represents our treatment group. Panel B shows statistics for all stocks not contained within the S&P 500. This sample
represents our control group. Panel C reports the difference in the mean between panels A and B for each variable, as well as the corresponding t-statistic.
RELSS is the total short volume divided by total volume. SH_TURN is the total short volume divided by the number of shares outstanding (in percent).
%SPREAD is the percentage bid-ask spread, which is the difference between daily closing ask prices and bid prices scaled by the spread midpoint. $SPREAD is
the dollar spread, which is the difference between daily closing ask prices and daily closing bid prices. ILLIQ is the Amihud (2002) measure of illiquidity, which
is the ratio of the absolute value of daily returns scaled by daily dollar volume in 1,000,000s. GVOLT is a measure of volatility calculated by estimating an
IGarch(1,1) model. PVOLT is a measure of volatility calculated by subtracting the daily low bid price from the daily high ask price and dividing that by the daily
high ask price. MKTCAPB$ is the market cap of stocks in $ billions calculated by multiplying the daily closing price by the number of shares outstanding.
PRICE is the daily closing price. TURN is the ratio of total trading volume scaled by the number of shares outstanding (in percent). NASD is an indicator
variable equal to one for stocks listed on the NASDAQ and zero otherwise.
Panel A. S&P 500 Stocks
RELSS
SH_TURN %SPREAD $SPREAD
ILLIQ
GVOLT
PVOLT
MKTCAP B$ PRICE
TURN
NASD
[1]
[2]
[3]
[4]
[54
[6]
[78]
[8]
[9]
[10]
[11]
Mean
0.2195
0.2093
0.0008
0.0258
0.0443
0.0165
0.0205
24.333
46.03
0.8639
0.1575
Std Dev
0.1100
0.3248
0.0022
0.0420
1.6523
0.0093
0.0122
41.096
29.38
0.9711
0.3643
Min
0
0
0
0
0
0.0010
0
0.0086
0.55
0.0006
0
Median
0.2018
0.1151
0.0004
0.0200
0.0038
0.0143
0.0176
12.074
41.90
0.5909
0
Max
1
13.027
0.1212
2.4100
320.20
0.5197
0.3520
459.19
509.65
49.891
1
Panel B. Non-S&P500 Stocks
Mean
0.2547
0.2227
0.0051
0.1101
3.3494
0.0290
0.0348
1.1405
47.36
0.8352
0.6278
Std Dev
0.1846
0.5120
0.0093
3.3587
149.33
0.0230
0.0288
3.5393
1531.06
1.8565
0.4834
Min
0
0
0
0
0
0.0001
0
0.0006
0.04
0
0
Median
0.2328
0.0931
0.0020
0.0300
0.0796
0.0243
0.0278
0.3646
16.46
0.4482
1
Max
1
47.978
0.9447
900.00
34390
3.0790
0.9722
127.91
113700
267.68
1
Panel C. Difference between Panels A and B
Difference
0.0351
0.0013
0.0043
0.0843
3.3051
0.0126
0.0143
-23.19
1.33
-0.0287
0.4703
t-statistic
64.61
8.84
161.58
8.70
7.68
187.48
169.97
-537.68
-0.30
-5.28
325.99
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Table 2
Univariate Tests
The table reports results from univariate tests on the variables GVOLT, PVOLT, ILLIQ, RELSS,
and SH_TURN. Panel A shows univariate tests on the treatment group (S&P 500) of stocks.
INTRO is an indicator variable capturing the period after the introduction of the first inverse ETF
on the S&P 500. It is reported as zero for the Pre-Introduction period and one for the PostIntroduction period. The reported values are the means of the various measures of volatility,
illiquidity, and short selling for the given time periods with the third value being the difference
between the means and a corresponding t-statistic. Panel B reports the difference between the
treatment group and the averages of the control group (non S&P 500) of stocks for the given time
periods; while the final reported value is the difference in the differences between the PreIntroduction and the Post-Introduction periods with a corresponding t-statistic.
Panel A. S&P 500 Stocks
GVOLT
PVOLT
ILLIQ
RELSS
SH_TURN
[1]
[2]
[3]
[4]
[5]
Pre-Intro
0.0166
0.0212
0.0375
0.2212
0.2179
Post-Intro

0.0164

0.0200

0.0502

0.2182

0.2018

Difference
(t-statistic)

-0.0002**
(-4.29)

-0.0012**
(-17.30)

0.0127
(1.33)

-0.0030**
(-4.84)

-0.0161**
(-8.58)

Panel B. Difference between Treatment and Control Samples
Pre-Intro
-0.0118
-0.0133
-7.1920

-0.0483

-0.0155

Post-Intro

-0.0123

-0.0136

-8.0818

-0.0158

0.0114

Difference
(t-statistic)

-0.0004**
(-8.06)

-0.0003**
(-4.19)

-0.8897**
(-29.67)

0.0325**
(50.95)

0.0269**
(14.23)

* Statistical Significance at the 0.05 level
** Statistical Significance at the 0.01 level
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Table 3
Multivariate Regressions – Volatility and Liquidity Analysis
The table reports the results obtained by estimating the following equations using our sample of S&P 500 stocks.
Ln(Volatilityt,i) = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi +
β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i
The dependent variables include two measures of volatility. Ln(GVOLT) is the natural log of a measure of
volatility estimated using the IGARCH(1,1) model. Ln(PVOLT) is the natural log of a volatility measure
calculated by subtracting the daily low bid price from the daily high ask price scaled by the daily high ask price.
Ln(Liquidityt,i) = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi +
β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i
The dependent variable for this equation is the natural log of 1+ILLIQ, where ILLIQ is the Amihud (2002)
measure of illiquidity. The independent variable of interest is INTRO, where INTRO is an indicator variable
capturing the period after the introduction of the first inverse ETF on the S&P 500. The other independent
variables include the following: RETt is the daily return for stock i; RETt-5, t-1 is the previous five days return for
stock i; TURNt is the daily ratio of total trading volume scaled by the number of shares outstanding (in percent) for
stock i; TURNt-5, t-1 is the average TURN of the previous five days for stock i; NASD is an indicator variable
denoting whether stock i is listed on the NASDAQ; Ln(MKTCAPt) is the natural log of the daily market
capitalization of stock i; Ln(PRICEt) is the natural log of the daily closing price of stock i. In parentheses, we also
report the t-statistic obtained from the estimation where the standard errors cluster across both stocks and days.
Ln(GVOLT)
Ln(PVOLT)
Ln(1+ILLIQ)
[1]
[2]
[3]
[4]
[5]
[6]
Intercept
-4.1971**
-3.4464**
-3.9824**
-3.5852**
0.0145**
0.5700**
(-2371.8)
(-181.99)
(-1894.3)
(-149.83)
(29.45)
(26.22)
INTRO
-0.0268**
-0.0275**
-0.0777**
-0.0725**
-0.00004
-0.0006
(-10.58)
(-13.49)
(-25.96)
(-28.24)
(-0.05)
(-0.88)
RETt
0.2633**
0.8992**
0.1440**
(3.30)
(5.63)
(3.32)
RETt-5,t-1
0.4163**
-0.4856**
0.0528**
(9.37)
(-10.37)
(3.49)
TURNt
0.0561**
0.2191**
-0.0047**
(12.98)
(20.30)
(-10.45)
TURNt-5,t-1
0.2155**
0.0298**
-0.0149**
(41.98)
(3.59)
(-19.37)
NASD
0.0986**
0.1057**
0.0110**
(29.29)
(25.59)
(6.97)
Ln(MKTCAPt)
-0.0354**
-0.0083**
-0.0320**
(-32.46)
(-5.85)
(-26.65)
Ln(PRICEt)
-0.1163**
-0.1359**
-0.0050**
(-63.91)
(-59.90)
(-4.93)
Adj. R2
0.0009
0.3605
Robust Std. Errs.
YES
YES
N
120,255
120,255
* Statistical Significance at the 0.05 level
** Statistical Significance at the 0.01 level

0.0055
YES
120,219

0.2762
YES
120,219

2.496E-8
YES
120,255

0.1080
YES
120,255
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Table 4
Multivariate Regressions – Abnormal Volatility and Liquidity Analysis
The table reports the results obtained by estimating the following equations using our sample of S&P 500 stocks and
the averages of the control group of stocks (non S&P 500).
Ln(Abnormal Volatilityt,i) = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi +
β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i
The dependent variables include two measures of abnormal volatility. Ln(GVOLT) is the natural log of the measure of
volatility estimated using the IGARCH(1,1) model for the component stocks of the S&P 500. Ln(GVOLT_C) is the
natural log of the average measure of volatility calculated using the same IGARCH(1,1) model for the sample of
stocks that are not component stocks of the S&P 500. The first dependent variable is the difference between those two
measures of volatility. Ln(PVOLT) is the natural log of a volatility measure calculated by subtracting the daily low
bid price from the daily high ask price and dividing that by the daily high ask price. Ln(PVOLT_C) is the natural log
of the average measure of PVOLT volatility on the non-S&P 500 component stocks. The second dependent variable is
the difference between the two measures of volatility.
Ln(Abnormal Liquidityt,i) = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi +
β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i
The dependent variable for this equation is the difference between the natural log of 1+ILLIQ on the S&P 500
component stocks and the natural log of 1+ the average measure of ILLIQ for the non S&P 500 component stocks,
where ILLIQ is the Amihud (2002) measure of illiquidity. The independent variable of interest is INTRO, where
INTRO is an indicator variable capturing the period after the introduction of the first inverse ETF on the S&P 500.
The other independent variables are the following: RET t is the daily return for stock i; RET t-5, t-1 is the previous five
days return for stock i; TURNt is the daily ratio of total trading volume scaled by the number of shares outstanding for
stock i (in percent); TURNt-5, t-1 is the average of the previous five days TURN for stock i; NASD is an indicator
variable denoting whether stock i is listed on NASDAQ; Ln(MKTCAP t) is the natural log of the daily market
capitalization of stock i; Ln(PRICEt) is the natural log of the daily closing price of stock i. In parentheses, we report tstatistics obtained from standard errors that cluster across both stocks and days.
Ln(GVOLT)-Ln(GVOLT_C)
Ln(PVOLT)-Ln(PVOLT_C)
Ln(1 + ILLIQ)-Ln(1 + ILLIQ_C)
[1]
[2]
[3]
[4]
[5]
[6]
Intercept
-0.6354**
0.1077**
-0.6117**
-0.2262**
-1.9743**
-1.4406**
(-360.71)
(5.73)
(-299.67)
(-9.67)
(-953.58)
(-46.78)
INTRO
-0.0328**
-0.0338**
-0.0484**
-0.0456**
-0.0775**
-0.0763**
(-13.09)
(-16.71)
(-16.69)
(-18.31)
(-26.02)
(-25.57)
RETt
0.2994**
1.1005**
-0.2832**
(3.82)
(7.26)
(-2.88)
RETt-5,t-1
0.4533**
-0.0923*
-0.1756**
(10.35)
(-2.08)
(-4.15)
TURNt
0.0549**
0.2080**
-0.0009
(12.98)
(20.48)
(-0.40)
TURNt-5,t-1
0.2144**
0.0354**
-0.0209**
(42.52)
(4.51)
(-7.71)
NASD
0.1012**
0.1120**
0.0150**
(30.40)
(28.27)
(3.31)
Ln(MKTCAPt)
-0.0355**
-0.0085**
-0.0326**
(-32.84)
(-6.16)
(-17.47)
Ln(PRICEt)
-0.1133**
-0.1306**
0.0041
(-62.69)
(-59.47)
(1.54)
Adj. R2
0.0014
0.3615
Robust Std. Errs.
YES
YES
N
120,255
120,255
* Statistical Significance at the 0.05 level
** Statistical Significance at the 0.01 level

0.0023
YES
120,219

0.2742
YES
120,219

0.0055
YES
120,255

0.0110
YES
120,255
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Table 5
Panel Regressions – Short Selling Analysis
The table reports the results obtained by estimating the following equation using our sample of S&P 500
stocks.
Short Salest,i = α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i + β6NASDi +
β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i
The dependent variables include two measures of short selling. RELSS is the measure of short selling
calculated by taking the total short volume divided by total volume. SH_TURN is a short selling measure
calculated by dividing the total short volume by the number of shares outstanding. The independent
variable of interest is INTRO, where INTRO is an indicator variable capturing the period after the
introduction of the first inverse ETF on the S&P 500. The other independent variables include the
following: RETt is the daily return for stock i; RET t-5, t-1 is the previous five days return for stock i; TURNt
is the daily ratio of total trading volume scaled by the number of shares outstanding (in percent) for stock
i; TURNt-5, t-1 is the average of the previous five days TURN for stock i; NASD is an indicator variable
denoting whether stock i is listed on NASDAQ; Ln(MKTCAP t) is the natural log of the daily market
capitalization of stock i; Ln(PRICEt) is the natural log of the daily closing price of stock i. In parentheses,
we report t-statistics obtained using standard errors that cluster across both stocks and days.
RELSS
SH_TURN
[1]
[2]
[3]
[4]
Intercept
0.2212**
0.3688**
0.2179**
-0.0417**
(452.40)
(68.18)
(148.23)
(-5.48)
INTRO
-0.0031**
-0.0048**
-0.0161**
-0.0118**
(-4.80)
(-9.11)
(-8.50)
(-13.34)
RETt
0.7314**
0.8220**
(37.87)
(8.39)
RETt-5,t-1
0.2731**
0.3843**
(33.39)
(17.47)
TURNt
0.0019**
0.2677**
(3.63)
(38.85)
TURNt-5,t-1
0.0056**
0.0125*
(9.69)
(2.35)
NASD
0.1564**
0.1754**
(162.17)
(96.08)
Ln(MKTCAPt)
-0.0156**
-0.0038**
(-48.55)
(-9.60)
Ln(PRICEt)
0.0208**
0.0133**
(46.28)
(13.23)
Adj. R2
0.0002
Robust Std. Errs.
YES
N
120,255
* Statistical Significance at the 0.05 level
** Statistical Significance at the 0.01 level

0.3199
YES
120,255

0.0006
YES
120,255

0.7951
YES
120,255
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Table 6
Panel Regressions – Abnormal Short Selling Analysis
The table reports the results obtained by estimating the following equation using our sample of S&P 500
stocks and the averages of the control group of stocks (non-S&P 500).
Ln(Abnormal Short Salest,i )= α + β1INTROi + β2RETt,i + β3RET(t-5, t-1),i + β4TURNt,i + β5TURN(t-5,t-1),i +
β6NASDi + β7Ln(MKTCAPt,i)+ β8Ln(PRICEt,i) + εt,i
The dependent variables include two measures of abnormal short selling. Ln(RELSS) is the natural log of
the measure of short selling where RELSS is calculated by taking the total short volume divided by total
volume for the S&P 500 component stocks. Ln(RELSS_C) is the natural log of the average RELSS of the
non-S&P 500 component stocks. The first dependent variable is the difference between these two short
selling measures. Ln(SH_TURN) is the natural log of a short selling measure calculated by dividing the
total short volume by the number of shares outstanding (in percent) for the S&P 500 component stocks.
Ln(SH_TURN_C) is the natural log of the average SH_TURN for the non-S&P 500 component stocks.
The second dependent variable is the difference between these two SH_TURN measures. The independent
variable of interest is INTRO, where INTRO is an indicator variable capturing the period after the
introduction of the first inverse ETF on the S&P 500. The other independent variables include the
following: RETt is the daily return for stock i; RET t-5, t-1 is the previous five days return for stock i; TURNt
is the daily ratio of total trading volume scaled by the number of shares outstanding for stock i (in
percent); TURNt-5, t-1 is the average of the previous five days TURN for stock i; NASD is an indicator
variable denoting whether stock i is listed on NASDAQ; Ln(MKTCAP t) is the natural log of the daily
market capitalization of stock i; Ln(PRICEt) is the natural log of the daily closing price of stock i. In
parentheses, we report t-statistics obtained using standard errors that cluster across both stocks and days.
Ln(RELSS)-Ln(RELSS_C)
Ln(SH_TURN)-Ln(SH_TURN_C)
[1]
[2]
[3]
[4]
Intercept
-0.3504**
0.0848**
-0.6282**
-0.5253**
(-134.81)
(2.78)
(-142.77)
(-9.96)
INTRO
0.1704**
0.1616**
0.2088**
0.2145**
(50.58)
(54.35)
(35.36)
(54.44)
RETt
3.9186**
5.1274**
(38.10)
(21.71)
RETt-5,t-1
1.4208**
1.2532**
(30.82)
(16.36)
TURNt
-0.0006
0.4149**
(-0.22)
(21.73)
TURNt-5,t-1
0.0593**
0.3217**
(20.09)
(20.37)
NASD
0.6514**
0.7843**
(201.57)
(111.48)
Ln(MKTCAPt)
-0.0616**
-0.0837**
(-35.58)
(-29.05)
Ln(PRICEt)
0.1139**
0.1354**
(46.19)
(36.84)
Adj. R2
0.0212
Robust Std. Errs.
YES
N
120,121
* Statistical Significance at the 0.05 level
** Statistical Significance at the 0.01 level

0.2369
YES
120,121

0.0104
YES
120,121

0.5627
YES
120,121
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Table 7
Multivariate Regressions - Volatility and Liquidity Analysis
The table reports the results obtained by estimating the following equations using our sample of S&P 500 stocks.
Ln(Volatilityt,i) = α + β1INTROi + β2RELSSt,i + β3INTRO*RELSSt,i + β4RETt,i + β5RET(t-5, t-1),i + β6TURNt,i +
β7TURN(t-5,t-1),i + β8NASDi + β9Ln(MKTCAPt,i)+ β10Ln(PRICEt,i) + εt,i
The dependent variables include two measures of volatility. Ln(GVOLT) is the natural log of a measure of volatility
estimated using the IGARCH(1,1) model. Ln(PVOLT) is the natural log of a volatility measure calculated by
subtracting the daily low bid price from the daily high ask price and scaling this difference by the daily high ask price.
Ln(Liquidityt,i) = α + β1INTROi + β2RELSSt,i + β3INTRO*RELSSt,i + β4RETt,i + β5RET(t-5, t-1),i + β6TURNt,i +
β7TURN(t-5,t-1),i + β8NASDi + β9Ln(MKTCAPt,i)+ β10Ln(PRICEt,i) + εt,i
The dependent variable for this equation is the natural log of 1+ILLIQ, where ILLIQ is the Amihud (2002) measure
of illiquidity. The independent variable of interest is INTRO*RELSSt, where INTRO is an indicator variable
capturing the period after the introduction of the first inverse ETF on the S&P 500 and RELSS t is the measure of short
selling obtained by dividing the total short volume by total volume. INTRO*RELSSt is the interaction of the two
variables. The other independent variables are the following: INTRO; RELSSt; RETt is the daily return for stock i;
RETt-5, t-1 is the previous five days return for stock i; TURNt is the daily ratio of total trading volume scaled by the
number of shares outstanding (in percent) for stock i; TURNt-5, t-1 is the average of the previous five days TURN for
stock i; NASD is an indicator variable denoting whether stock i is listed on NASDAQ; Ln(MKTCAP t) is the natural
log of the daily market capitalization of stock i; Ln(PRICE t) is the natural log of the daily closing price of stock i. In
parentheses, we report the t-statistics obtained using standard errors that cluster across both stocks and days.
Ln(GVOLT)
Ln(PVOLT)
Ln(1+ILLIQ)
[1]
[2]
[3]
Intercept
-3.4596**
-3.7431**
0.5750**
(-174.62)
(-148.13)
(25.83)
INTRO
-0.0786**
-0.1620**
-0.0105**
(-16.38)
(-25.67)
(-2.63)
RELSSt
-0.0163
0.3416**
-0.0237
(-1.12)
(17.17)
(-1.53)
INTRO*RELSSt
0.2347**
0.4195**
0.0451*
(12.11)
(16.08)
(2.40)
RETt
0.1873*
0.4920**
0.1444**
(2.31)
(3.05)
(3.29)
RETt-5,t-1
0.3894**
-0.6351**
0.0532**
(8.67)
(13.23)
(3.32)
TURNt
0.0559**
0.2179**
-0.0047**
(12.94)
(20.27)
(-10.43)
TURNt-5,t-1
0.2153**
0.0273**
-0.0148**
(41.96)
(3.31)
(-19.28)
NASD
0.0847**
0.0228**
0.0115**
(22.83)
(4.78)
(3.66)
Ln(MKTCAPt)
-0.0338**
0.0003
-0.0320**
(-30.18)
(0.18)
(-26.69)
Ln(PRICEt)
-0.1182**
-0.1470**
-0.0049**
(-64.66)
(-64.27)
(-4.78)
Adj. R2
Robust Std. Errs.
N

0.3618
YES
120,255

* Statistical Significance at the 0.05 level
** Statistical Significance at the 0.01 level

0.2872
YES
120,219

0.1084
YES
120,255
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Table 8
Multivariate Regressions – Abnormal Volatility and Liquidity Analysis
The table reports the results obtained by estimating the following equations using our sample of S&P 500 stocks and the
averages of the control group of stocks (non-S&P 500).
Ln(Abnormal Volatilityt,i) = α + β1INTROi + β2RELSSt,i + β3INTRO*RELSSt,i + β4RETt,i + β5RET(t-5, t-1),i + β6TURNt,i +
β7TURN(t-5,t-1),i + β8NASDi + β9Ln(MKTCAPt,i)+ β10Ln(PRICEt,i) + εt,i
The dependent variables include two measures of abnormal volatility. Ln(GVOLT) is the natural log of the measure of
volatility calculated using an IGARCH(1,1) model for the component stocks of the S&P 500. Ln(GVOLT_C) is the
natural log of the average measure of volatility calculated using the same IGARCH(1,1) model for the sample of stocks
that are not component stocks of the S&P 500. The first dependent variable is the difference between these two
measures of volatility. Ln(PVOLT) is the natural log of a volatility measure calculated as the difference between the
daily low bid price and the daily high ask price scaled by the daily high ask price. Ln(PVOLT_C) is the natural log of
the average measure of PVOLT volatility on the non-S&P 500 component stocks. The second dependent variable is the
difference between these two measures of volatility.
Ln(Abnormal Liquidityt,i) = α + β1INTROi + β2RELSSt,i + β3INTRO*RELSSt,i + β4RETt,i + β5RET(t-5, t-1),i + β6TURNt,i +
β7TURN(t-5,t-1),i + β8NASDi + β9Ln(MKTCAPt,i)+ β10Ln(PRICEt,i) + εt,i
The dependent variable for this equation is the difference between the natural log of 1+ILLIQ on the S&P 500
component stocks and the natural log of 1+ the average measure of ILLIQ for the non-S&P 500 component stocks,
where ILLIQ is the Amihud (2002) measure of illiquidity. The independent variable of interest is INTRO*RELSSt,
where INTRO is an indicator variable capturing the period after the introduction of the first inverse ETF on the S&P
500 and RELSSt is the measure of short selling obtained by dividing the total short volume by total volume.
INTRO*RELSSt is the interaction of the two variables. The other independent variables include the following: INTRO;
RELSSt; RETt is the daily return for stock i; RETt-5, t-1 is the previous five days return for stock i; TURNt is the daily
ratio of total trading volume scaled by the number of shares outstanding (in percent) for stock i; TURNt-5, t-1 is the
average of the previous five days TURN for stock i; NASD is an indicator variable denoting whether stock i is listed on
NASDAQ; Ln(MKTCAPt) is the natural log of the daily market capitalization of stock i; Ln(PRICE t) is the natural log
of the daily closing price of stock i. In parentheses, we report t-statistics obtained using standard errors that cluster
across both stocks and days.
Ln(GVOLT)-Ln(GVOLT_C)
Ln(PVOLT)-Ln(PVOLT_C)
Ln(ILLIQ)-Ln(ILLIQ_C)
[1]
[2]
[3]
Intercept
0.1017**
-0.3636**
-1.4288**
(5.17)
(-14.75)
(-44.88)
INTRO
-0.0808**
-0.1242**
-0.0952**
(-17.02)
(-20.28)
(-12.38)
RELSSt
-0.0316*
0.2964**
-0.0513*
(-2.19)
(15.28)
(-2.02)
INTRO*RELSSt
0.2157**
0.3686**
0.0860**
(11.25)
(14.56)
(2.62)
RETt
0.2417**
0.7455**
-0.2778**
(3.04)
(4.87)
(-2.80)
RETt-5,t-1
0.4331**
-0.2227**
-0.1730**
(9.78)
(-4.90)
(-4.03)
TURNt
0.0547**
0.2070**
-0.0009
(12.95)
(20.46)
(-0.40)
TURNt-5,t-1
0.2143**
0.0332**
-0.0207**
(42.50)
(4.25)
(-7.64)
NASD
0.0910**
0.0397**
0.0170**
(24.74)
(8.60)
(2.90)
Ln(MKTCAPt)
-0.0343**
-0.0011
-0.0327**
(-30.90)
(-0.75)
(-17.40)
Ln(PRICEt)
-0.1147**
-0.1404**
0.0044
(-63.17)
(-63.28)
(1.62)
Adj. R2
Robust Std. Errs.
N

0.3625
YES
120,255

* Statistical Significance at the 0.05 level
** Statistical Significance at the 0.01 level

0.2831
YES
120,219

0.0111
YES
120,255
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